We study in this paper the performance of Hospitals in Lebanon. Using the nonparametric method Data Envelopment Analysis (DEA), we are able to measures relative efficiency of Hospitals in Lebanon. DEA is a technique that uses linear programming and it measures the relative efficiency of similar type of organizations termed as Decision Making Units (DMUs). In this study, due to the lack of individual data on hospital level, each DMU refers to a qada in Lebanon where the used data represent the aggregation of input and outputs of different hospitals within the qada. In DEA, the inclusion of more number of inputs and /or outputs results in getting a more number of efficient units. Therefore, selecting the appropriate inputs and outputs is a major factor of DEA results. Therefore, we use here the Principal Component Analysis (PCA) in order to reduce the data structure into certain principal components which are essential for identifying efficient DMUs. It is important to note that we have used the basic BCC-input model for the entire analysis. We considered 24 DMUs for the study, using DEA on original data; we got 17 DMUs out of 24 DMUs as efficient. Then we considered 1 PC for inputs and 1 PC for output with almost 80 percent variances, resulting in 3 DMUs as efficient and 21 as inefficient. Using 1 PC for input and 2 PCs for output with 90 percent variance for both input and output, we got 9 DMUs as efficient and 15 DMUs as inefficient. Finally, we have attempted to identify the efficient units with 2 PCs and for 2 PCs for input and outputs with variance more than 95 percent, resulting in 10 efficient DMUs and 14 inefficient DMUs. In Principal Component analysis, if the variance lies between 80 percent to-90 percent it is judged as a meaningful one. It is concluded that Principal Component Analysis plays an important role in the reduction of input output variables and helps in identifying the efficient DMUs and improves the discriminating power of DEA.
Introduction
According to the United Nations High Commissioner for Refugees (UNHCR), Lebanon hosts more than one million refugees from Syria, 80.9% of which are women and children as of December 2017 (UNHCR, 2017) . Therefore, studying the Lebanese healthcare system becomes essential for the government and for the decision makers. The available resources to satisfy the primary healthcare need of people are limited. According to (Antonios and Mikhael, 2018) healthcare expenditure rose at a compounded annual growth rate of 4.1% duringcoverage, army and Cooperative of Government Employees provide civil servants the insurance coverage. Union or body like union of engineers covers engineers and their dependants through private insurance. The Ministry of public Health (MOPH) insures the remaining uninsured people; the beneficiaries are majority of the population, about 53.3% according to surveys conducted by the central Administration of statistics in 2009 (cas, 2009) .
Lebanon was always known for its healthcare services and medical institutions. The 1975 war and recently the influx of Syrian refugees have weakened the healthcare system. Despite his excellence in health services, Lebanon has one of the most expensive healthcare systems in the world (Sen and Mehio-Sibai, 2007) . Lebanon has a high out of pocket health expenditure which leads to exposure of households to financial risk as a result of ill health (Salti and al. 2010 ). Ammar, the general director of the Ministry of public health in Lebanon presented in his report entitled the health reform in Lebanon, listed 12 key achievements of the ministry of public health over a 10-year period. The document points out an increase in performance of the healthcare system, with improvement in supply of human resources, strength of the primary healthcare system, quality and accreditation improvement, and autonomy of public hospitals among others (Ammar, 2009 ).
The aim of this study is to create some idea as to the present state of the healthcare system in the country in the context of the available selected variables. Most of the studies that are reviewed used life expectancy at birth as output and health expenditure as inputs (Pourreza and al., 2017) . Other studies such as Alfonso and St. Aubyn (Afonso and Aubyn, 2005) used number of beds and health employment as inputs. In a more recent study, Ibrahim and Daneshvar (Ibrahim and Daneshvar, 2018 ) the list of variables used were the number of hospital beds per 1000, number of physicians per 1000, health expenditure % of GDP, life expectancy, adjusted life expectancy, infant mortality, and health expenditure per capita.
The objective of this paper is to evaluate efficiency and ranking efficient district hospitals DMUs by using Data Envelopment Analysis (DEA). Data used here consist of 24 Hospitals' qada in Lebanon with 5 inputs and 4 outputs representing. Results of this method is compared with the resulted obtained from using Principal Component Analysis PCA for variables reduction and then using DEA on the principal Components (PCs). The multivariate statistical method principal component analysis (PCA) is a data reduction technique, used to identify a small set of variables that account for a large portion of the total variance in the original variables. The idea of combining two methods (PCA & DEA) was proposed by Hoshini and Udea in 1997 and developed by Zhu in 1998 (Zhu, 1998 . He combined this statistical method with based models of DEA and proposed some new models for evaluating the efficiency of DMUs. Another paper studied the performance Efficiency of Hospitals in India (Annapoorni and Prakash, 2016) . This paper is organized as follows: In Section 2, DEA method is presented, in section 3 PCA method is presented. Section 4 presents results from different PCA-DEA models for evaluating and ranking DMUs with projected data set. Section 5, the conclusion is drawn.
DEA Method
Data Envelopment Analysis (DEA) is a method used to measure the relative efficiency of decision making units (DMUs). Farrell considers efficient DMUs those who have high single output to single input ratio, which mean so maximizing the production process to get higher output-to-ratio. However, when there are multiple inputs and outputs, finding the relative efficiency become complicated. Charnes, Cooper and Rhodes extended Farrell's idea to multiple output/input ratio and they proposed the CCR model in 1978 (Charnes and al. 1978) . CCR model is constant returns to scale which mean that an increase in inputs results in an increase in outputs which is not hold in practice due to many factors. So Banker, Charnes and Cooper proposed another model, named BCC in 1984 (Banker and al., 1984) . The BCC model is a variable return to scale which identifies whether a DMU is operating in increasing, decreasing or constant returns to scale.
DEA can be input-oriented or output-oriented models both seek to maximize efficiency of DMUs. Input-oriented model minimizes the inputs to reach a desired level of output, and output-oriented model maximize the outputs while input are at constant level. In general, input oriented model closely focuses on operational and managerial issues whereas output oriented model is more associated with planning and strategy. In this paper we are using the BCC-input oriented model to measure efficiency of qada's hospitals.
DEA has gained too much attention by researchers because of its successful applications and case studies. Assessment of bank branch performance (Yang, 2009) , examining bank efficiency (Kordrostami and al, 2011) , measuring the efficiency of higher education institutions (Johnes, 2006) Measuring the Performance Efficiency of Hospitals (Annapoorni and Prakash, 2016) are examples of using DEA in various areas. et al. (Charnes, 1978) , called the CCR model, has lead to several extensions, most notably the BCC model of Banker et al. (Banker and al., 1984) . Assume that there are n DMUs, (DMUj: j = 1, 2, … ,n) which consume m inputs (xi: i = 1, 2, …, m) to produce s outputs (yr: r = 1, 2, … ,s). The BCC input oriented (BCC-I) model evaluates the efficiency of DMUo, DMU under consideration, by solving the following linear program:
Mathematical Formulation
≥ , = 1,2, … , Where x and y (all nonnegative) are the inputs and outputs of the jth DMU, w and u are the input and output weights (multipliers) x and y are the inputs and outputs of DMUo. Also, ε is non-Archimedean infinitesimal value for forestalling weights to be equal to zero. On account of the fact that basic DEA models identify more than one DMU as efficient units, finding the most efficient DMU is an issue.
The model gives efficiency scores, weights of inputs and outputs. In general, a DMU is considered to be efficient if it obtains a score of 1 and a score of less than 1 implies that it is inefficient.
The Method section describes in detail how the study was conducted, including conceptual and operational definitions of the variables used in the study, Different types of studies will rely on different methodologies; however, a complete description of the methods used enables the reader to evaluate the appropriateness of your methods and the reliability and the validity of your results, It also permits experienced investigators to replicate the study, If your manuscript is an update of an ongoing or earlier study and the method has been published in detail elsewhere, you may refer the reader to that source and simply give a brief synopsis of the method in this section.
Principal Component Analysis
Principal components Analysis (PCA) is a dimensionality reduction technique used to explain the variance structure of a set of variables through a few linear combinations of these variables (Jolliffe, 1986) . The first few principal components generally describe up to 90% of the variance in the data. Thus the first few uncorrelated components can replace the original variables with minimum loss of information.
The main idea behind using PCA as a preprocessing step to DEA comes from the fact that more inputs/or outputs used in DEA model results in large number of efficient DMUs. Therefore the need to reduce the number of Inputs/or outputs with minimum loss of information is required.
Principal components are the uncorrelated linear combinations ranked by their variances or eigenvalues in descending order. Given a data set of inputs/or outputs variables X through toX , performing principal component analysis consists on creating linear combinations with maximum variance each of the n variables in the matrix x, on the form:
Where a represents the coefficient for the mth principal component of the nth variable. The weights for each principal component are given by the eigenvectors of the correlation matrix or, if the original data were standardized, by the covariance matrix. The variance (λ) for each principal component is given by the eigenvalue of the corresponding eigenvector. The components are ordered so that the first component (PC1) explains the largest possible amount of variation in the original data, subject to the constraint that the sum of the squared weights is equal to one (i.e.a + a + ⋯ + a = 1). The second component PC2 accounts for the maximum variance that is not accounted for by previous components and is uncorrelated with the first component. Then Subsequent components are identified that are uncorrelated with previous components; therefore, each component captures an additional dimension in the data, while explaining smaller and smaller proportions of the variation of the original variables until the number of principal components obtained is the same as the number of variables in the data set. The number of principal components extracted can also be defined by the user, and a common method Vol. 12, No. 1; 2019 26 used is to select components where the associated eigen value is greater than one.
Generally, inputs and outputs used in DEA analysis are positive, whereas the result of the principal components can be negative. Many studies showed that DEA model can be used without a change in the definition of efficient DMUs when using negative values or when using some transformation techniques to make PCA values positives (Annapoorni and Prakash 2016 , Ali and Seiford 1990 , Adler and Golany 2002 .
Data and Results

Data
The data consists of 24 qada of Lebanon obtained from the ministry of public health MOPH-yearly bulletin for the year 2016. Some data were aggregated on Muhafaza level, and then we disaggregate the data using the distribution of hospitals within each muhafaza. The availability of health data is limited in Lebanon and most of the indicators at the national or muhafaza level. Analyzed here is obtained from the Directorate
The 24 qada are numbered from 1 to 24 are considered as DMU's. For each DMU four inputs are considered, they are, 
Results
Descriptive Statistics
Descriptive statistics for input and outputs variables are presented in Table 1 Source: R programming. Table 3 presents the efficiency scores calculated using BCC-Input model. In the first model efficiency scores are calculated using the original data, this model gives 17 efficient DMUs and 7 inefficient DMUs. The second model which represents 90% of information from the first PC for input and 80% of information for the first PC for output provides 3 DMUs as efficient and 21 as inefficient. Model 3 where 90% of information holds for input and outputs provides 9 DMUs as efficient and 15 DMUs as inefficient. The next two models which respectively includes 2 and 3 PCs related to input and output which explains most of the variance reveals 10 and 15 DMUs as efficient. It is observed that the results vary very much when complete information was not utilized. Specifically, the number of efficient units varies very much (model 2) when one PC is used. So use of PCA in DEA helps us to differentiate between efficient and inefficient DMUs and strengthens the discrimination power of DEA. Source: DEA solver.
results of different models PCA-DEA
In this part of the paper we show the list of efficient DMUs and that of inefficient DMU for each model (Table 4) . The results show that Beirut, Matn and Jezzine are the efficient DMU in model 2 and the other PCA-DEA model. Whereas Matn is not an efficient DMU in model 1 using original data. 
Benchmarking and Ranking of Qada's Hospitals Based on Model-2
For the purpose of benchmarking we used model-2 where one PC input and one PC output are using. Table 5 shows the reference set and corresponding weights of the inefficient Hospitals. For improvement, the inefficient DMUs can follow their reference set. Based on model-2 DMUs (Beirut, Matn and Jezzine) are efficient and these DMUs act as a peer for remaining 21 inefficient DMUs.
For example, qada number 2 is an inefficient and it has two reference hospitals 7 and 19 with weights 0.569 and 0.431 respectively. qada number 2 can follow any of these two qadas for improving. Similarly, other inefficient hospitals have their reference set.
Ranking the qadas based on efficiency scores and peer counts to inefficient and efficient hospitals respectively. Therefore, first rank is given for efficient qada which acts as a peer for maximum number of inefficient qadas. qada 7 is peer for 21 inefficient hospitals, receives first rank and qada number 19 is peer for 15 inefficient hospitals receives the second two and qada number 1 is peer for 8 qadas receives rank 3. Table 6 shows the Return to Scale characteristics for each DMU. DMUnumber 1 and 12 show constant return to scale, whereas all the other DMUs show decreasing Return to scale. 
Conclusion
The present paper aimed at analyzing the efficiency of Hospitals in Lebanon for the year 2016. For this purpose, a non-parametric technique DEA is used. In DEA, the number of efficient decision making units increases when there are more number of inputs and outputs in respect of the number of DMUs. To overcome this problem, an integrated PCA with DEA is used in this study. PCA is applied to all inputs and separately to all outputs. Efficiency of the hospital is found using variable return to scale input orientation by both traditional DEA and PCA-DEA.
As result of this study, we found that out of 24 Hospital's qada 17 are efficient in traditional DEA model, whereas only 3 hospitals are efficient using PCA-DEA model with 1 PC on input and output case. We compare also different models using more number of PCs for input and output. It is clear that when the number of PCs increases, the results are more similar to using original data without data reduction. This indicates when we have large number of variables PCA-DEA is preferable to discriminate between efficient and inefficient than traditional DEA. It may be concluded that the use of principal components can considerably improve the strength of DEA models.
